The modified model enhances volatility forecasting performance, thereby indicating it has more accurate predictive power. Our results provide supports for the implication of the sequential information arrival hypothesis.
INTRODUCTION
Over recent decades, there have been considerable studies dedicated to explore the relationship between the volatility of futures contracts, their trading volume and open interest. According to the sequential information arrival (SIA) hypothesis, originally proposed by Copeland (1976) , and subsequently complemented by Jennings et al. (1981) , traders receive new information in a sequential and random fashion. Thus, from an initial position of equilibrium where all traders possess the same set of information, the arrival of new information on the market leads traders to revise their expectations accordingly (Darrat et al., 2003) . As such, the SIA hypothesis suggests that lagged volume or lagged open interest may have the ability to predict current volatility, and vice versa. 1 The recent studies demonstrated that trading volume was positively related to volatility, suggesting that trading volume can serve as a proxy measure for the unobservable information flowing into the market. (Lee and Rui, 2002; Chan et al., 2004 ; Kumar and Pandy, 2010; Boonvorachote and Lakmas, 2016) . However, open interest is also an important variable in the futures market. It is defined as the number of contracts existing in a futures market that has not yet been closed out (Ripple and Moosa, 2009) . Open interest is different from trading volume which captures the number of contracts traded during a specific time period. Ferris et al. (2002) suggested that the open interest can serve as a proxy measure for the information _________________________________________________________________________________________________ DOI: 10.17261/Pressacademia.2018 .1001 340 flowing into and out of the futures contracts. Ripple and Moosa (2009) found that the open interest does provide explanation of futures volatility for the crude oil contract. 2 More recently, Yen and Chen (2010) found that significant in-sample relationships exist amongst the future's daily volatilities, the lagged total volume, and the lagged total open interest. Shakeel and Ashraf (2012) also demonstrated that significant relationships between return volatility, volume and open interest in the Indian futures markets. Souček (2013) investigated the link between the demands for hedging on various markets proxied by the open interest. Boonvorachote and Lakmas (2016) showed a positive contemporaneous relationship between expected and unexpected trading volume and volatility, however open interest mitigates volatility.
The heterogeneous autoregressive realized volatility (HAR-RV) model, proposed by Corsi (2009) , a simple approximate longmemory dynamics model of realized volatility, has been proved to achieve an excellent forecasting performance, and also provides a valuable economic interpretation. However, Christensen and Podolskij (2007) and Martens and Dijk (2007) claimed that the estimation of realized range-based volatility (RRV) showed more efficient and sufficient than realized return-based volatility sampled at fixed intervals, since the extremes were formed from the entire price process. More recently, Christensen and Podolskij (2012) proposed the realized range-based multipower variation and presented how it can be used to estimate the ex-post quadratic return variation and conduct jump-robust inference about integrated variance.
Even though a lot of studies in the forecasting of realized volatility have focused on the equity markets of developed economics (Ghysels et al., 2006; Andersen et al., 2007; Forsberg and Ghysels, 2007; Christoffersen et al., 2010) , as well as foreign exchange markets (Andresen et al., 2001; Beine et al., 2007; and commodities (Haugom et al., 2014; Lyócsa and Molnár, 2016) , less studies are devoted to the equity futures markets of developing economies, especially using the range-based estimation. We therefore adopt the SIA hypothesis in this study with an attempt to achieve improvements in the overall forecasting of realized range-based volatility (RRV), whilst also incorporating lagged and open interest into the HAR-RRV model to facilitate our examination of China Securities Index (CSI) 300 index futures. Particularly, we use the realized range-based tripower variance (RTV), proposed by Christensen and Podolskij (2012) , to measure the integrated variance in this study. We denote this modified forecasting model as the HAR-RRV-RTV-OI model. The main implication of this study is the information content of prior open interest can be used to forecast future volatility.
Despite being the second largest economy in the world, the derivatives markets are just emerging in China, especially the stock index futures markets. In recent years, however, the trading volume in the index futures market has jumped significantly in China. Moreover, active participating in the global market, China is now playing a fundamentally critical role in the world economy. Therefore, it is of great values to study the futures markets of China. Ripple and Moosa (2009) (Christensen and Podolskij, 2012) . To our best knowledge, this study is the first paper to show a model using realized range-based tripower variance as a regressor and attempts to explore the impact of open interest on realized volatility for the Chinese futures market, whilst assessing the forecasting performance of the modify model.
The remainder of the paper proceeds as follows. Methodology is described in the Section 2. The penultimate section presents the empirical findings, with the final section offers the concluding remarks for this study.
METHODOLOGY

Realized Volatility Measures
The realized volatility (RV) measure based on the sum of squared intraday returns, originally proposed by Andersen and Bollerslev (1998) , is the availability of estimator of integrated variance that facilitates the formulation of a more accurate and meaningful inter-daily measurement of ex-post volatility. Subsequently, a series of studies address the modelling and forecasting of realized volatility. (See, for example, Barndorff-Nielsen and Shephard, 2006; Andersen et al., 2007; Forsberg and Ghysels, 2007; Corsi, 2009; Curci and Corsi, 2012; Louzis et al., 2012; Vortelinos and Thomakos, 2012; Xu, 2012; Souček and Todorova, 2013; Christoffersen et al., 2014; Iliescu and Dutta, 2016) . Furthermore, the HAR-RV model has been 2 Also see, for example, Bessembinder and Seguin (1993) ; Chen et al. (1995) ; Liew and Brooks (1998) ; Girma and Mougoue (2002) ; Motladiile and Smit (2003) ; Serletis and Shahmoradi (2006) . _________________________________________________________________________________________________ DOI: 10.17261/Pressacademia.2018 .1001 341 demonstrated that it could successfully capture the effects of volatility persistence, proposed by Corsi (2009) , and also been shown to achieve better forecasting performance than other models (Andersen et al., 2007; McAleer and Medeiros, 2008; Jain, 2011; Todorova and Souček, 2014; Pu et al., 2016) .
More recently, Christensen and Podolskij (2007) and Martens and Dijk (2007) replaced each squared intra-day return by the high-low range for that period to create a novel and more efficient estimator called the realized range. They suggested that the intraday range-based estimation of volatility was a more accurate and efficient method to predict volatility. Todorova (2012) developed the realized range-based volatility, an estimator obtained from intraday ranges, which is more efficient and less biased than the daily ranges volatility. Todorova and Husmann (2012) also demonstrated that realized range-based estimator performed better in terms of both bias and efficiency, although its performance still suffered from discrete trading.
A Hybrid Range-Based Estimator
Following Christensen and Podolskij (2007) and Martens and van Dijk (2007) , we consider a scalar log-price p(t) at time t evolving within continuous time jump-diffusion semi-martingales. The quadratic variation (QV) for the cumulative return process, which, for any sequence of partitions 0 = t0 < t1 < …< tn = t with
for n → ∞, is defined as:
where the integrated volatility (IV) of the continuous component,  Using the measures of realized range-based variance used by Christensen and Podolskij (2012) , we define realized rangebased variance (RRV), realized range-based bipower variation (RBV), and realized range-based tripower variation (RTV) as follows:
for i = 1, 2,…, n, with n is sampling frequency in a trading day, and ph and pl are the respective highest and lowest prices during each five-minute period, and RRV indicates that it will be biased in the presence of jumps (Christensen and Podolskij, 2006) .
We denote that range-based bi-power variation as RBVt and range-based tripower variation as RTVt, which both provide an alternative means of drawing inferences on the continuous path component of QVt.
However, Christensen and Podolskij (2012) suggested that the realized range-based tripower variance (RTV) was not only a more robust estimator of the integrated variance but also the most efficient so far. They proposed a hybrid range estimator, which has the form of a linear combination of the original range-statistic and a jump-robust measure of integrated variance. Based on this manipulation, we consider a purely range-based estimator that is consistent for the quadratic variation of the jump-diffusion semi-martingale defined as: 
Volatility Modeling
Traditionally, many relationships in finance are intrinsically nonlinear, and the most popular nonlinear models are the ARCH or GARCH models. GARCH-type processes are very popular since they capture various aspects of the volatility behaviour. However, on the downsides of GARCH-type models, the implied persistence of their estimates is too high to be reconciled with the observed behaviour of squared returns (Gallo and Pacini, 2000) . More recently, Andersen et al. (2011) argued that simple linear models can often predict future volatility more accurately than the sophisticated models such as FIGARCH and ARFIMA.
The HAR-RV model, proposed by Corsi (2009) , not only successfully captures long-memory feature of realized volatility in a parsimonious linear manner, but also provides a reasonable and meaningful economic interpretation. Thus, this paper uses an efficient range-based estimator to describe the dynamic volatility in the HAR mode. We adopt RTV as the regressor for prediction of realized range-based volatility, similar to Tseng et al. (2012) and Todorova and Souček (2014) , with the following specification of the HAR-RRV-RTV model:
where H denotes the prediction horizons. This study considers five prediction horizons, one-day, and one-to four-week periods, for H=1, 5, 10, 15 and 20. The measures of multi-period realized volatility, comprising of and consider various possibilities for the relationship between OI and volatility. We also incorporate OI + and OI -into the HAR-RRV-RTV model, and attempt to understand the effect of "normal" and "unusual" OI in volatility. However, the main purpose of this study is to attempt to improve the forecasting performance of future volatility. We find the incorporated factors do not improve the out-of-sample forecasting performance of future volatility (the results for incorporating OI + and OI -into the HAR-RRV-RTV model are not reported here to save space).
The recent study by Ripple and Moosa (2009) The fundamental premise of the SIA hypothesis is that the lagged trading volume or lagged open interest have not been completely assimilated into the prior change in price. In such a case, this study may expect that prior open interest, which contains relevant information not included in prior volatility, can be used for the prediction of future volatility. Thus, adopting the SIA hypothesis, we incorporate lagged open interest into the HAR-RRV-RTV model, and propose the following specification to obtain our socalled HAR-RRV-RTV-OI model: 
EMPIRICAL RESULTS
Data Source and Empirical Results
The China Securities Index (CSI) 300 index futures contract was launched on April 16, 2010 on the China Financial Futures Exchange (CFFEX). This study obtained intraday data on the Win Chinese Financial data and Information, with the sample period covering from April 21, 2010 to May 31, 2016, thereby providing 48 data periods of 5-minute duration within a single trading day, for a total of 1485 trading days for CSI 300 index futures. Intraday data on CSI 300 index futures are employed in this study to predict the volatility in futures prices based upon the market trading hours from 9:30am to 11:30am and 13:00pm to 15:00pm. The autocorrelation function (ACF) of RRV, RBV and RTV, based upon range-based variance, is illustrated in Figure 1 . From the inclusion of the first 75 lags, we find that the autocorrelations of RRV, RBV and RTV are positive, starting at about 0.7-0.8 and ending at about 0. It is interesting to note that the decay pattern for all of the series is on a rapidly decreasing trend for the first 30 lags. This situation of the autocorrelations of RBV and RTV both are slightly higher than that of RRV is emphasized in Table 1 . The time-series plots of the annualized of RRV, RBV, and RTV elements covering the sample period from 2011 to 2016 are illustrated in Figure 2 . The three annualized variances exhibit a strong own serial dependence, reflecting the volatility clustering in the data. We noted that both sample paths of RBV and RTV are less volatile than RRV, which is consistent with the finding of Christensen and Podolskij (2012) . In particular, these variances reveal greater volatilities around June-August 2015, which sees the crash of Chinese Stock Markets. Intuitively, RTV is an efficient and persistent process, since it is jumprobust estimates of integrated variance. Table 2 reports the in-sample estimation results of the HAR-RRV-RTV and HAR-RRV-RTV-OI models for CSI 300 index futures, with the results of the HAR-RRV-RTV model being presented in Panel A, and the results of the HAR-RRV-RTV-OI model being presented in Panel B. We focus on five different prediction horizons, one-day and one-to four-week periods, corresponding to RRVt, t+H , for H = 1, 5, 10, 15 and 20, respectively. The estimates of βW for the 1-day prediction horizon and the estimates of βD and βW for one-week prediction horizon in the HAR-RRV-RTV model in Panel A are found to be statistically significant, at least at the 5% level. Moreover, With the exception of βW for the two-to four-week prediction horizons, all the other estimates of βD and βM in the HAR-RRV-RTV model in Panel A are found to be statistically significant at least at the 5% level. It is interesting to note that the larger coefficients of βW are found in the one-day and one-week prediction horizons, but the βW coefficients are found to have less importance in the longer-run horizons. On the contrary, the βM coefficients are found to have greater importance in the longer-run horizons. Meanwhile, the results reveal that the adjusted R 2 , which is 0.590 for the daily prediction horizon, ranges between 0.666 and 0.400 for the one-to four-week horizons, with the MSE ranging between 16.052 and 11.653 across all five prediction horizons.
Several of the prior studies suggest that open interest has significant explanatory power with regard to the volatility of futures prices. For example, Bessembinder and Seguin (1993) and Chan et al. (2004) found that volatility was negatively related to open interest. In contrast, however, Liew and Brooks (1998) and Serletis and Shahmoradi (2006) suggested that a positive and statistically significant relationship existed between volatility and open interest (see also Yen and Chen 2010; Ripple and Moosa 2009; Shakeel and Ashraf 2012; Boonvorachote and Lakmas 2016) . In the present study, we focus on the impact of open interest on realized volatility, in an attempt to improve futures volatility forecasting performance.
The in-sample estimation results of the HAR-RRV-RTV-OI model on CSI 300 index futures contracts are reported in Panel B of Table 2 , from which we can see that a similar volatility pattern of HAR-RRV-RTV model is also discernible in the HAR-RRV-RBV-OI model. Subsequently, we focus on the estimates of βOD for the five prediction horizons. With the exception of βOD for the four-week prediction horizon, all the other estimates of βOD in the HAR-RRV-RTV-OI model are found to be positively significant, at least at the 10% level, thereby indicating that lagged open interest containing the relevant information (which is not embedded in prior volatility) does have some effect on future realized volatility. As noted by Girma and Mougoue (2002) and Yen and Chen (2010) , the lagged open interest reflects the relevant market information.
In other words, our findings indicate that lagged open interest does have some significant explanatory power with regard to futures realized volatility. This is also emphasized by the adjusted R 2 and MSE terms. Across all prediction horizons, the adjusted R 2 (MSE) is higher (lower) in the HAR-RRV-RTV-OI models than in the HAR-RRV-RTV models.
The economic interpretation of the HAR-RRV-RTV-OI model is that the future volatility expectations can be effectively composed by various components of lagged volatility and lagged open interest, most of which contain relevant information which has not been completely assimilated into the prior change in price.
Robustness Checks
The in-sample results imply that the modified model has more accurate predictive ability than the HAR-RRV-RTV model. However, the primary aim of this study is to improve overall volatility forecasting performance. In order to verify the modified model has accurate predictive capability, we conducted the modified Diebold-Mariano (DM) test (Harvey et al. 1997 ) to assess forecasting accuracy and evaluate the performance of the out-of-sample forecasting. The benchmark model for all horizons is the HAR-RRV-RTV model. If the test-statistic is positive (negative), it indicates that the examined model is more (less) accurate than the benchmark model. c *** indicates significance at the 1% level; ** indicates significance at the 5% level; and * indicates significance at the 10% level.
From the results reported in Panel A of Table 3 , we can see that for CSI 300 index futures across all prediction horizons, the MSE results are lower in the HAR-RRV-RTV-OI model than those in the HAR-RRV-RTV model. Panel B of Table 3 shows the results of modified DM test, revealing that for one-to three-week prediction horizons, each of the HAR-RRV-RTV-OI models is statistically significant at the 5% level, as compared to the HAR-RRV-RTV model. The results demonstrate that the modified model improves volatility forecasting performance, thereby indicating lagged open interest does provide significant explanatory power in the volatility for CSI 300 index futures. Our results are found to hold for both the in-sample and out-of-sample predictions.
In summary, we incorporate an open interest variable into the HAR-RRV-RTV model in the present study, and claim that the modified model not only provides additional and useful information on volatility dynamics, but also better forecasting performance than the HAR-RRV-RTV model in terms of predicting the volatility for CSI 300 index futures. Finally, our findings are in line with Girma and Mougoue (2002) and Yen and Chen (2010) , and support the implication of the SIA hypothesis.
